ABSTRACT Spatial scale is a fundamental issue for geographical phenomena because the size of the spatial unit adopted for analysis can have a significant effect on aggregated spatial data and the corresponding analytical results. There exists much research on the scale issue of spatial distribution data while a few has paid attention to the scale effect on spatial interactions. Big geo-data with micro-level individual movements provide an unprecedented opportunity to explore spatial interactions from the bottom up and to understand the scale effect from the perspective of interaction patterns. In this paper, we introduced an empirical framework to explore spatial interaction data across scales. By incorporating two data sets of taxi trajectories in Beijing and Shanghai, we aggregated the taxi O-D trips under multiple regular grids with different cell sizes and analyzed the properties of spatial interactions in three aspects: the statistical distribution, the distance decay mechanism, and the structure pattern. Our research demonstrated the feasibility of analyzing spatial interactions from a multi-scale view and offered a basic empirical framework for future geographical research that is interested in scale and spatial interactions.
I. INTRODUCTION
The modifiable areal unit problem (MAUP) was first proposed by Openshaw and Taylor as ''arising problems because we divide the continuous spatial units of geographical phenomenon in difference'' [1] . Researchers have noted that the choice of spatial units may have a significant influence on the analysis results of geographical problems [2] - [5] . To be more precise, MAUP contains two related, but different components: the scale effect and the zoning problem. The scale effect is the variation in results that may be obtained when the same data are combined into sets of increasingly larger areal units for analysis. The zoning problem, in contrast, is the variation of results due to the alternative units of analysis when the number of units is constant [6] . The challenge of selecting proper scales or zoning systems is a long-standing issue for geographers and planners. Great efforts have been made to understand and alleviate MAUP, but the puzzle of the best unit remains unsolved [7] - [12] .
Spatial scale is a complex concept with multiple definitions under different circumstances [13] - [16] . In our work, the scale is defined as a measurement concept that refers mainly to the geometrical size of the spatial unit for analysis [15] . Previous work has indicated that spatially distributed data is naturally scale-sensitive and that the interrelation of attributes varies according to the scale [17] - [20] . Jelinski and Wu [18] noted that the analysis results obtained at one scale simply provide incomplete information about the spatial patterns and that for any spatial analysis case, it is inevitable to associate the analysis with certain spatial scales. Nam et al. [12] indicated the importance of a proper grid structure in terms of spatial aggregation and set the grid size to be 500 meters to capture the spatial distribution patterns of taxi ridership in Seoul, South Korea.
In addition to the spatial distribution, geometrical effects related to spatial interactions have been studied from various perspectives. One perspective was to consider the spatial interaction as a spatial diffusion process in which the property of borders for adjacent regions would influence the interaction opportunities [22] - [24] . Another perspective was about distance, as most spatial interaction systems are found to be governed by the distance decay effect [25] , in which each spatial interaction is defined to be a second-order process that occurs from place i to place j. The distance between interaction places acts as a spatial friction function, which is in general expressed as the gravity model [26] , [27] , indicating that a potential spatial interaction is more likely to be impeded by a greater spatial displacement [28] , [29] . Since the spatial scale determines the measurement of the distances among places, many studies were conducted to explore the influences that the distance and scale may have on the spatial interaction models [30] - [33] . However, former works in this field focused mostly on the theoretical models and were limited by insufficient data. Thus, the scale effects on the spatial interactions require further empirical investigation to be comprehended.
With the emergence of various big geo-data, we have access to massive amounts of spatial interactions with relative high spatio-temporal resolutions. These data include the movements of people, commodities, capital and other objectives among locations. At the individual level, movements of objects can be utilized to understand the mechanisms of mobility [34] - [36] . At the aggregate level, these data enable us to acquire the aggregated spatial interactions among regions [29] , [37] - [40] . Since the spatial assembly is an essential analytical step when perceiving our geographical environment from the individual-level geospatial data to aggregated patterns, it is inevitable to confront the issue of spatial resolution (or scale) when mapping individual interaction details onto regular or irregular units [41] - [45] . Figure 1 illustrates that spatial aggregation will influence the observed patterns of both the inter-and intra-unit interactions. Thus, when attempting to draw conclusions at the aggregated level from individual interactions, the scale effect cannot be ignored.
In this work, the zoning schema is fixed to be regular grids to ensure that different results obtained across scales are comparable, thus we can evaluate the scale effect on spatial interactions by simply changing the size of the grid cells. In Section 2, we introduce an empirical framework that investigate the scale effect on the distance decay mechanism, the statistical distribution and the structure patterns of aggregated spatial interactions. Utilizing two datasets of taxi trajectories collected in Beijing and Shanghai, experiments are conducted to demonstrate the feasibility of the proposed framework in Sections 3 and 4. Rooted in the perspective of geographic scale, this work provides a basic workflow for other empirical studies related to spatial interactions.
II. EMPIRICAL FRAMEWORK
Assuming that the individual interactions are represented as flows distributed in the planar geographical space, the workflow diagram of investigating the scale effect on spatial interactions is illustrated in Figure 2 . The proposed empirical framework contains mainly two parts: the spatial aggregation on individual-level flows and the spatial analysis of interaction patterns across scales. First, the geographical space is decomposed into multiple grid levels with different spatial scales from finer scales to coarser scales [46] . Then the individual spatial interaction flows are mapped onto different grids to form datasets of aggregated interactions. Next, all the intra-unit interactions are eliminated and the coordinates of origins and destinations of flows are relocated to the centre of their corresponding grid cells, as shown in Figure 1 . Second, the flows at different grid scales are analyzed and compared in three aspects to uncover the scale effect on spatial interactions: the statistical distributions (Section 4-A), the underlying distance decay mechanism (Section 4-B), and the spatial structure pattern (Sections 4-C and 4-D).
By comparing the results on these classical topics for spatial interactions across scales, we try to explore the properties of spatial interactions that are sensitive or insensitive to map scales.
III. SCALES AND DATA DESCRIPTIONS A. THE STUDY AREA AND SCALES
Beijing and Shanghai are the top two most populous cities in China. Because the taxi trips are mainly concentrated in the urban areas in Beijing and Shanghai, we define a square area of the same geographical extent (32 km×32 km) in both cities as our study areas, as shown in Figure 3 .
To focus on the scale effect and eliminate the interference of the different zoning systems, we adopt the regular grid as our zoning configuration and select eight scales of cell size in which to investigate the scale effect on spatial interactions. The spatial aggregation of the individual flows for each scale corresponds to an aggregated interaction dataset; i.e., the spatial interaction patterns that we consider refer to the observations of the spatial interactions based on given cell sizes. The sizes of the spatial unit include: 250 m×250 m, 500 m×500 m, 750 m×750 m, 1000 m×1000 m, 1250 m×1250 m, 1500 m×1500 m, 1750 m×1750 m, and 2000 m×2000 m. Note that the actual study area is chosen to be slightly smaller than 32 km×32 km when the side length of cells (e.g., 750 m, 1250 m) cannot evenly divide 32 km. The grids' basic attributes are listed in Table 1 .
B. DATA DESCRIPTIONS
We use a dataset of more than 33,000 taxis from several anonymous taxi companies in Beijing, for three consecutive months (from May to July 2013). Additionally, we collect a dataset of more than 13,000 floating cars of an anonymous taxi company in Shanghai, for 21 consecutive days (from 1 to 21 June, 2009). The daily average record number of taxi locations is approximate 170,000 in Beijing and 200,000 in Shanghai. Each record in these two datasets contains taxi's ID, sampling time, location, heading, velocity, and status (occupied or not), with a high position accuracy and acceptable sampling intervals.
To focus on the spatial interactions, we are interested only in the pick-up and drop-off locations for each taxi trajectory. After cleaning, grouping and sorting the raw data, we identify the locations where pick-up and drop-off activities occurred Then, using the eight different grid structures as spatial partitions, we conduct the spatial aggregation of the individual-level O-D trips and obtain the aggregated cell-level spatial interactions at each scale. The pick-up and drop-off locations of each trip are assigned to the corresponding grid cell, and we are no longer interested in their exact coordinates.
IV. SPATIAL INTERACTIONS ACROSS SCALES A. TRIP-LENGTH DISTRIBUTIONS
Trip-length distribution is a typical statistical description of spatial interaction patterns, which is worth investigating regarding the scale effect on the spatial interactions. Considering the Euclidian displacement d of a spatial interaction, the probability distribution can usually be quantified as a power-law function
, which indicates that with an increase in distance between O and D, the strength of the observed interactions becomes weaker [47] - [50] .
In Figure 5 , we plot the frequency distributions of the taxi O-D trips regarding the trip-length at different scales in Beijing and Shanghai. As the distance increases, the observed number of the corresponding interactions in both cities declines gradually to zero. The decreasing trend is similar across scales; we observe no interaction at any scale when the distance reaches 36 km in both Beijing and Shanghai. This threshold of 36 km is related to the extent of the study area (32 km×32 km). When we are extracting aggregated interactions whose O and D are both within the study area, no interaction is observed between the spatial units that are distributed 36 km apart.
We use a non-linear OLS method to fit the distributions 1 in Figure 5 with the exponential function f (x) = ke −rx . The parameters r, with a 95% confidence interval and a p-value <0.05, are listed in Table 2 . It is interesting to find that Shanghai has a bigger r than Beijing does, regardless of which scale we choose, and the trend is stable across scales. The trip-length distributions fit well with the negative exponential function at all scales, which indicates that the probability of occurrence for a spatial interaction between two places decreases exponentially with an increase in the spatial displacement in both Beijing and Shanghai.
To explore the scale effect on trip-length distributions, we further plot the fitted negative exponential curve in the single-logarithmic coordinate system in Figure 6 . If we stack all the fitting curves together, they basically overlap with only a slight deviation in both cities, indicating a relative stable property across scales.
No matter which scale we choose, the trip-length distribution remains negative exponential with only a small change in the decay parameter r, which means that the trip-length distribution of taxi trips is scale-insensitive when we use a regular grid zoning system. Apart from that, the analytical conclusion that Shanghai has a larger r than Beijing is also invariant across scales ( Table 2 ). The steeper declining trend of the trip length in Shanghai is probably caused by the singlecentre urban structure, which impedes the long-distance commuting to some extent (a further discussion on this can be found in Section 4-D).
B. DISTANCE DECAY MECHANISM
Derived from Newton's law of gravity, a simple power-law based gravity model is used to describe the relationship between the spatial interactions and the attractions of the spatial units and can be written as
where G ij is the interaction strength between spatial units i and j. d ij represents the geographic impedance between spatial units i and j. Here, we use the Euclidean distance as d ij and set O i and D j as unit i and j's populations, respectively. The form of the gravity model indicates that an interaction is more likely to occur among places with larger attractions and lower travel costs [51] . The greater a β is, the larger the impedance effect of the distance d ij on spatial interactions is [25] , [52] . The distance decay parameter β is an important characterization of the spatial interactions, and calibrating it can help us explore the underlying distance decay mechanism of spatial interactions across scales. The quantitative estimation methods of β include a linear model algorithm, the Monte Carlo method, the Algebraic Method and Particle Swarm Optimization (PSO) [53] - [57] . Since PSO allows the faster searching of the optimal solutions and can process sparse interaction networks [58] , it has more flexibility in reverse-fitting the gravity model of the spatial interactions in the taxi mobility networks.
Taking the 500 m scale in Beijing as an example, we reverse-fit the power-law based gravity model to the observed spatial interactions using a PSO algorithm [37] . The β sequence is initialized to be [1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7], and the computed goodness-of-fit sequence G β is [0.887, 0.896, 0.899, 0.898, 0.891, 0.882, 0.870, 0.858]. After curve fitting, we find that the β with highest goodness-of-fit is 1.22, which means that the gravity model with β = 1.22 can best characterize the distance decay mechanism of the spatial interactions observed under the 500 m scale and can reconstruct a spatial distribution of cell attractions in Beijing that is most similar to the real one.
In this way, the best β at different scales for both Beijing and Shanghai are computed and listed in Table 3 . It is obvious that the distance impedance effect is positively related to the scale as β increasing with cell size in both cities, meaning that the observed distance decay becomes greater for the spatial interactions in both cities as the spatial scale becoming coarser. Since the goodness-of fit of the best β at all scales is around 0.9, the power-law distance decay mechanism can be considered scale-insensitive in Beijing and Shanghai.
However, it is interesting to point out that, at the 250 m scale, Beijing has a higher β than Shanghai (0.98 to 0.78) while at the 2000 m scale, Beijing has a lower β than Shanghai (1.54 to 1.82). When we choose the 1000 m, 1250 m, and 1500 m scale, the distance decay mechanisms Figure 7 illustrates the variation of β more intuitively. Before the 1000 m scale, Beijing has a greater impedance for spatial interactions, while after the 1500 m scale, Shanghai exhibits higher a higher distance friction. Thus, although the power-law distance decay mechanisms of the spatial interactions is stable across scales, the analytical result of which city has a stronger distance friction for spatial interactions in the urban area may change according to the observation scale.
C. INTERACTION MATRIX
Spatial interaction matrix (SIM) is a popular way to represent the interaction patterns and has been studied intensively [59] , [60] . To show the spatial patterns of interactions more directly, we can visualize the spatial interactions as an N × N symmetric matrix instead of drawing the exact flows on the map. Let the sequence of the original cells' ID denote the rows and the sequence of the destination cells' ID denote the columns of a matrix; the value of a matrix element V (i, j) is the number of the spatial interactions observed from cell i to cell j. Since SIM reflects the connections among the spatial units, the order of the rows and columns can show the spatial patterns of the spatial interactions more clearly in a matrix view [61] - [64] .
In this work, we adopt the Hilbert coding algorithm to reorder the cells' ID and generate the reordered SIM in which the geographically close cells can be spatially clustered in the reordered ID sequence [65] . The adopted Hilbert curve is a fraction space-filling curve that can fill a two-dimensional space and maintain the adjacency properties of the cells to a certain extent [66] . After the Hilbert transformation, we can generate new SIMs with more clusters from the original ones. Investigating the clusters identified at the different scales can help us understand the scale effect on the spatial interaction patterns from a more general perspective.
The spatial interaction patterns after a Hilbert transformation [66] at different scales in Beijing and Shanghai are shown in Figure 8 . Red pixels indicate higher interaction intensities, and green pixels indicate lower interaction intensities. For Beijing, we can see that six clusters are strongly inner-connected at the 500 m scale. At the 2000 m scale, the pattern of the six clusters in Beijing remains unchanged. Although the visual sizes of the clusters seem to be smaller at 2000 m scale than at 500 m scale, the spatial sizes of these clusters are almost unchanged across the scales. The number of spatial units contained in each cluster is decreasing since we have larger cells to capture the interactions at a coarser scale. Similar patterns can be found in Shanghai, which indicates a universal spatial interaction pattern that is insensitive to the scale under the regular grid zoning system.
D. COMMUNITY PATTERN
Discrete places in a city are stitched together by their spatial interactions into an integrated network system [67] . For a spatially embedded interaction network, a community is a subset with relatively dense connections, which means they are more spatially connected [12] . Community detection is a method for finding the community patterns through a quantitative evaluation of the interactions among given spatial units [68] - [70] . Based upon different aggregation scales, the interaction patterns are not same, which may lead to different detected community patterns. Experiments on the community detection across scales is an important way to investigate the scale effect on the macro-level spatial interaction patterns.
Many algorithms have been proposed for detecting communities from the spatial interaction perspective [71] , [72] , including the Girvan-Newman method [73] , multilevel method [74] , fast-greedy method [75] , info-map method [68] , and walk-trap method [76] .
We run the modularity based multilevel algorithm [74] at each scale in both Beijing and Shanghai to detect the community structures with the best modularity. In general, VOLUME 6, 2018 Figure 9 .
Figures 9(a) and 8(b) show that the optimal number of communities at the 2000 m scale in Beijing is four and that at the 250 m scale is five. In contrast, the corresponding numbers of communities at the 250 m and 2000 m scales in Shanghai are both five (Figures 10(c) and (d) ). A finer scale will increase the number of spatial interactions and can help us identify some hotspots inside a community, which may appear as independent cells whose types are different from the surrounding cells (Figures 8(a) and 8(c) ). However, a coarser spatial scale will decrease the total number of the spatial interactions and result in a more homogeneous spatial distribution of the communities in which fewer hotspots can be identified (Figures 8(b) and 8(d) ).
In Beijing, regardless of which scales we use, the urban area is divided roughly vertically and horizontally. The urban structure uncovered by the spatial interactions is consistent with the planning designs of the city and exhibits a more abrupt regionalization. However, we can see a significant difference in the lower-right corner of Beijing, which indicates that different scales will result in different community patterns in certain regions of the city. In Shanghai, the urban space is divided mainly according to some natural factors, such as rivers and human settlements, and thus exhibits a smoother single-centre urban regionalization. The singlecentre structure is also unchanged across the scales.
The general community structures in both Beijing and Shanghai are basically stable across the scales, indicating that the global structure pattern can be considered scaleinsensitive. However, changing the cell size will significantly influence the boundaries of the detected communities. Thus, if we want to analyze the general spatial pattern of urban interaction structures, the scale effect is not serious. However, if the task is to identify hotspots with abnormal spatial interactions, a finer scale that considers the size of hotspots is preferred.
V. CONCLUSIONS
The modifiable areal unit problem informs us that the choice of areal spatial units can have a significant influence on the analysis results of big geo-data, especially spatial interaction data such as the movements of people, commodities, capital and other movable objects. The spatial scale, more precisely, is commonly accepted as a measurement concept that refers to the geometrical size of the spatial unit for the analysis, which is found to affect the theoretical modelling of the spatial interactions. It is inevitable to confront the issue of the scale when mapping individual details onto regular or irregular units. Therefore, uncovering the scale effect on the spatial interaction patterns by empirical experiments is imperative with the help of big geospatial data.
In this work, we fixed the zoning system to be regular grids and tried to investigate the analytical results of the spatial interactions aggregated by spatial units of different sizes. An empirical framework of investigating the scale effect on spatial interaction is proposed. By incorporating two datasets of taxi trajectories collected in Beijing and Shanghai, we explore the scale effect on taxi O-D trips in three aspects: trip-length distribution, distance decay mechanism and the global structure pattern.
Empirical studies in Beijing and Shanghai indicate that the trip-length distribution of the spatial interactions is scaleinsensitive when we use a regular grid zoning schema, since the trip-length distribution is negative exponential across scales and the parameter r appears to have no obvious relationship with the scale. The power-law distance decay mechanisms of the observed spatial interactions are stable across scales, but the impedance effect is found to be scale-sensitive since the analytical result of which city has the stronger distance friction may change according to the scale. In addition, when using spatial interaction matrix to represent the network structure, we find a stable cluster pattern that is insensitive to the scale. The community detection results based on spatial interactions also show that the community structures are relative stable across the scales.
The spatial assembly is an essential analytical step when perceiving our geographical environment from individual-level geospatial data. By comparing the analytical results across the scales in Beijing and Shanghai, we explore the scale effect on multiple aspects of spatial interactions. The proposed empirical framework is feasible, effective and can be improved. This work provides a framework for future geographical research that is interested in scale effects and spatial interactions. 
